The immune system is essential to body defense and maintenance. Specific antibodies to foreign invaders function in body defense, and it has been suggested that autoantibodies binding to self molecules are important in body maintenance. Recently, the autoantibody repertoires in the bloods of healthy mothers and their newborns were studied using an antigen microarray containing hundreds of self molecules. It was found that the mothers expressed diverse repertoires for both IgG and IgM autoantibodies. Each newborn shares with its mother a similar repertoire of IgG antibodies, which cross the placental but its IgM repertoire is more similar to those of other newborns. Here, we took a system-level approach and analyzed the correlations between autoantibody reactivities of the previous data and extended the study to new data from newborns at birth and a week later, and from healthy young women. For the young women, we found modular organization of both IgG and IgM isotypes into antigen cliquessubgroups of highly correlated antigen reactivities. In contrast, the newborns were found to share a universal congenital IgM profile with no modular organization. Moreover, the IgG autoantibodies of the newborns manifested buds of the mothers' antigen cliques, but they were noticeably less structured. These findings suggest that the natural autoantibody repertoire of humans shows relatively little organization at birth, but, by young adulthood, it becomes sorted out into a modular organization of subgroups (cliques) of correlated antigens. These features revealed by antigen microarrays can be used to define personal states of autoantibody organizational motifs.
T
he immune system is a complex network of molecules, cells and organs that act together to maintain and repair the body and protect it against foreign invaders (1) (2) (3) (4) (5) (6) (7) (8) . These tasks involve the sensing and processing of foreign antigens together with internal signals that disclose the state of the body leading to immune responses, learning and memory. The repertoire of antibodies reflects the past history of immune responses to foreign antigens and prepares the immune system for efficient future responses to pathogens bearing these antigens. Antibodies binding to molecules of the body itself-autoantibodies-are associated with the pathologic inflammatory processes that cause autoimmune diseases (1, 2) . However, autoantibodies in healthy individuals, in contrast to pathogenic autoantibodies, are thought to function in body maintenance and healing. Indeed, different individuals in similar physiological states share some common features of their autoimmune repertoires-a feature that has been termed the immunological homunculus (2, 3) . Therefore, it has been proposed that the global pattern of autoantibodies can reveal various network states of the immune system and provide some insights about the state of the individual (9, 10) .
A new technology, the antigen microarray chip, enables simultaneous measurements of the reactivity of hundreds of antibodies (9, (11) (12) (13) )(see also section I in SI Text). An immune microarray consists of various antigens covalently linked to the surface of a glass slide. A drop of blood serum (or other body fluid) is tested for antibody reactivities by measuring antibody binding to each antigen spot using fluorescence labeling. Note that the binding of antibodies to a spotted antigen cannot tell us about the stimulus that induced the antibodies, and it cannot define the affinity or the specificity of any particular antibody or collective of antibodies. Indeed, a positive antigen-binding signal probably reflects a polyclonal mixture of antibodies binding to a variety of structural epitopes exposed by each spotted antigen.
The parallel measurement of reactivities to hundreds of different antigens poses a computational challenge: how to extract relevant and meaningful information from a vast amount of data. Computationally, this problem is similar to that encountered in the parallel measurements of the expression of hundreds to thousands of genes by gene microarrays, for which many advanced computational methods have been developed. Generally speaking, these methods belong to two main classes: (i) Supervised methods that are aimed to identify classifier genesgenes that enable the distinction between known groups of subjects; (ii) Unsupervised methods that are aimed to identify the existence of significantly distinct groups of subjects and the classifier genes. The latter are usually based on cluster analysis. Thus, supervised (14) (15) (16) (17) and unsupervised methods (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) developed for gene-expression studies can be adopted for the analysis of antigen chip data (9, 11, 13, 30) .
Here, we studied the antibody reactivity data of 10 pairs of mothers and newborns previously reported by Merbl et al. (30) , to which we added additional data from 5 females, neither pregnant nor post-labor, and from 8 newborns for whom we had samples at birth and at day 7. In contrast to Merbl et al., the present analysis was carried out from the perspective of the antibody repertoire as a complex functional network of immu-noglobulins. Inspired by the ideas of Jerne (31) (32) (33) , we adopted a correlation-based system-level approach to extract hidden information about functional relations between autoantibodyantigen reactivities.
More specifically, we computed the matrices of antibody correlations and the matrices of subject correlations rather than the reactivity matrices as is usually done. The correlation matrices were analyzed using the functional holography (FH) method of Baruchi et al. (34) , originally devised for analyzing recorded brain activity. This method was recently shown to be useful in the analysis of gene-expression data: it can help identify operons, relations between genes within operons (gene order, gene separation by noncoding segments and start and end regions), and the functional relations between operons (35) . The capacity of the FH method to successfully reveal such motifs between genes led us to test whether this method can also identify new functional relations and network motifs in natural antibody repertoires.
Reactivity Matrices
The reactivity matrices of the 10 mother-cord pairs are shown in Fig. 1A for IgM and Fig. 1B for IgG. The rows in these matrices are the antibody reactivity profiles (reactivities of one specific antigen for the different subjects) and the columns represent the immune profiles of each subject. The matrices are reordered using a dendrogram clustering algorithm (36, 37) .
The dendrogrammed reactivity matrix for the IgM isotype in Fig. 1 A shows that the cords (subjects 1-10) and the mothers (subjects [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] form two distinct groups, as was reported earlier (30) . The separation into two distinct groups results from the fact that the average level of antibody reactivities in the mothers' samples is significantly higher than that in the cord samples as can be clearly seen in Fig. 1 A. In the next section we show, by analyzing the subject-normalized correlations, that the mothers have very different immune profiles from one another and from the cords, but all newborns share a similar profile.
The dendrogrammed matrix of normalized IgG reactivities (Fig. 1B) shows that each mother-cord pair [ (1, 11) , (2, 12) . . . (i,10 ϩ i) . . . (10, 20) ] forms a unique subgroup. This pairing is expected because it is known that IgG antibodies are transferred from the mother to her fetus through the placenta. In the next section we show that the IgG immune profile of each mother is very similar to that of her newborn and very different from the other mothers.
Immune State Features Revealed in the Subject Correlation Matrices
The correlation matrices, both between the antibody reactivity profiles and the subject immune profiles, were calculated by Pearson's formula (38) :
More specifically, in the subject correlation matrix (of size 20*20), the elements C(i,j) represent the correlations between the columns X i and X j for subjects (i) and (j) in the reactivity matrices. Similarly, in the antigen correlation matrices (of size 305*305), the elements C(i,j) represent the correlations between the rows in the reactivity matrices. Following Baruchi et al. (36) , we also performed collective normalization of the correlations using the metacorrelations MC(i,j)-the Pearson correlation between rows (i) and (j) of the correlation matrix after reordering. In the reordering process, the elements C(i,i) and C(j,j) are removed from the calculation. The correlation vector for (i) is {C(i,j), C(i,1), C(i,2),. . .}, and for (j) it is {C(j,i), C(j,1),C(j,2),. . .}. In other words, the metacorrelation is a measure of the similarity between the correlations of antigen (i) with all other antigens and the correlations of antigen (j) with all other antigens. Using the metacorrelations coefficient, the normalized correlation matrix A(i,j) is given by:
In this section, we discuss the subject correlation matrices shown in Fig. 2 . The antigen correlation matrices are presented in the SI Text and discussed further below. The IgM correlation matrix reveals the separation of the mothers and cords into two distinct clusters (Fig. 2 A) . The formation of the two distinct groups is related to the fact that the immune profiles of all of the cords are very similar (as the cord-cord correlations are Ͼ0.9), whereas the similarities between the mothers' profiles are low, and the similarities between the mothers' and cords' profiles are lower. The aforementioned information becomes clearer after the collective normalization, as is evident in the normalized subject correlation matrix shown in Fig. 2C .
The high similarities between the IgG profiles of each cord and its mother are quite transparent when the corresponding correlation matrix is inspected (Fig. 2B ): The high correlations between the immune profiles of the cord-mother pairs are reflected by the two red subdiagonals. The collective normalization further signifies features and can reveal additional information, as seen in the normalized correlation matrix shown in Fig. 2D . For example, the specific mother-cord pair (4, 14) stands out as having lower similarity compared with the other pairs.
The Congenital IgM Immune Profile Is Shared; the Adult IgM Profiles Are Individual
To identify hidden features associated with immune network development, we performed dimension reduction of the correlation matrices employing the PCA algorithm. This (39) and other dimension-reduction algorithms (40, 41) made it possible to extract a large amount of relevant information embedded in the matrices (see SI) , and yet present it in a graphical way, which is naturally limited in the number of dimensions. We found that reduction to three dimensions extracts most of the relevant information (Ͼ85% of the information as described in section II of SI Text and in Fig. S1 ), similar to what was found for brain activity data (34) and gene expression data (35) . Therefore, we present the immune response information in a 3-dimensional PCA space, whose axes are the three leading principal vectors computed by the PCA algorithm. Each subject is placed in this space according to its three eigenvalues for the three leading principal vectors. Note that subjects that manifest high normalized correlations will be placed in close vicinity in the PCA space.
Some relevant information can be lost in the dimension reduction process. To retrieve this information, as well as information that might be lost in the collective normalization process, we link each pair of subjects by lines, color coded according to the original (nonnormalized) correlations (34, 35, 42) . The results ( Fig. 3 ; see also Movies S1-S4 for more viewing angles and section VIII in SI Text for description) are subject networks, or manifolds, of linked nodes in the PCA space that provide a holographic presentation of the functional relations between the immune states of the different subjects. We termed this graphical presentation Immune Holography (IH), to signify its ability to capture the characteristics of the system as a whole in a clear, graphical way. Fig. 3 A and B shows the subject networks for the IgM and IgG isotypes, respectively. The IgM subject network of mothers and cords (Fig. 3A) shows that the cords (blue nodes) and the mothers (red nodes) form two distinct subclusters. These two clusters have very different geometries: The cord manifold is very compact, indicating that the cords share a very similar IgM profile. In contrast, the maternal manifold is widely spread, indicating that each mother has her own individual IgM profile that is significantly different from the others. A more quantitative analysis can be found in section III of SI Text and in Table S1 . More specifically, we used the Tensors of Gyration (45) to quantify the differences between the manifolds, and found significant differences in the structures of the clusters of the mothers versus the cords, as described in detail in section III in the SI Text. The compact cord cluster of IgM reactivities suggests the existence of a universal congenital IgM immune profile. The spread manifolds for the mothers imply that this congenital profile develops through the personal life experience of each individual, leading to the development of diverse individual immune profiles during maturation (43) . The mature profiles are substantially different from the congenital profile and from each other.
The IgG immune manifold of mothers and cords (Fig. 3B ) is composed of 10 subclusters, one for each mother-cord pair. This organization indicates the high similarity between the IgG profiles of each newborn and his/her mother. This behavior is in accordance with the fact that Ͼ90% of the mother's IgG repertoire can be found in the cord blood (44), as maternal IgG antibodies cross the placenta and enter the fetal blood circulation. The paired clusters are widely spread, indicating that each mother and her newborn manifest a unique IgG immune state. These findings imply that, unlike the universally shared congenital IgM immune state, the IgG immune state at birth is individual and is largely set by the maternal IgG state. Fig. 3C includes data of the IgM antibodies of the combined dataset of the 10 mother-cord pairs, an additional set of 5 females and additional 8 newborns; the analysis reveals a compact manifold that includes all of the newborns and a dispersed manifold that includes the adult female subjects. These findings further support the existence of a universal congenital immune profile and show that each individual generates his/her own immune profile during immune development.
Analyzing the IgG antibodies of the extended dataset ( Fig.  3D ), we found that each of the newborns forms an individual cluster of autoantibody reactivities at days 1 and 7 and that the individual clusters are spread in the PCA space as are the The corresponding normalized matrices using the method described in the text. The matrices are ordered according to the cords (1-10) and the mothers (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) . We note that the seeming separation of the mothers into two subgroups (the two subclusters in the mothers cluster in Fig. 2C , for mothers 1-5 and 6 -10) appear to the eye more substantial because of the color code; the cross correlations between the two subgroups are Ϸ0.7 and they reflect experimental variations in storage and between microarrays which do not affect the results of the analysis. mother-cord pairs. The fact that each of the newborns forms a personal cluster of IgG autoantibodies at days 1 and 7 indicates that the IgG autoimmune state is quite stable over the first week of life, despite colonization of the gut, upper respiratory tract and skin with normal flora. However, closer inspection of the autoantibody profiles between day 1 and 7 (section VI in SI Text and Fig. S8 ) captures some weak changes in the immune profiles of some of the newborns between day 1 and day 7 that might be associated with buds of early immune development during the first week.
Antigen Cliques-Modular Organization of Mature Immune Networks
Further analysis disclosed the formation of subgroups, or cliques, of antibodies with highly correlated reactivities in the adult autoantibody repertoires. We discovered such subgroups of antigen reactivities by analyzing the mothers' IgM and IgG data using the approach described in detail in section IV of SI Text, which is based on the search for gene operons by analyzing correlations in gene expression data (ref. 35 ; see also section V of SI Text, Figs. S6 and S7, and Table S3 ). It should be noted that the term clique is used here similarly to its use in the study of network modules in network theory: A clique is a group whose members associate regularly with each other on the basis of common processes and functions. This notion differs from that used in graph theory, where a clique refers to a graph in which every vertex is connected to every other vertex in the graph. We chose to use this term taking the perspective of the immune system as a dynamic network.
Our method to identify immune cliques involves four stages (for more detail see also Figs. S2-S5). First was standarddeviation (STD) filtering. Because we look for groups of antigens with higher intergroup correlations, the STD of their correlations is expected to be relatively high. So we compute the distribution of the correlation STD and select the antigen reactivities at the higher part of the distribution. Second was dendrogram selection. We apply a dendrogram clustering algorithm on the matrix of normalized correlations of the antibodies selected in stage 1. This algorithm computes the correlation distances between all of the antibodies, and we select those with correlation distances below a certain threshold. Third was identification of additional members of the clique. We calculate a representative immune profile for each of the identified immune cliques, which yields the averaged reactivity of the group. Then we search for additional antigen reactivities that manifest high correlations with the representative profiles. Fourth was identifying weaker cliques. Once the first set of antibody groups (the ones that have the strongest correlations) are found, we repeat the search process on the matrix of all antigen reactivities that were not selected at the first round.
The strong autoantibody groups we determined for the maternal IgM and IgG reactivities are shown in Fig. 4 . In Fig. 4 A and B, we show the normalized correlation matrices for 45 and 57 antigens that compose the strong cliques for the IgM (4 groups) and IgG (3 groups) isotypes, respectively. The organization of these subgroups in the corresponding IH space is shown in Fig. 4 C and D. As can be seen from these figures, the subgroups of antigen reactivities form well separated clusters in IH space indicating high statistical significance (see also sections III and IV in SI Text and Table S2) . Fig. 5 visually illustrates the meaning of an antibody clique: The antibodies that belong to a specific clique show similar antigen reactivities for each specific individual although they differ between individuals. Therefore, for each individual we can assign a representative reactivity of the clique which is the average of the reactivities of the clique antigen reactivities for this individual, as is shown by the boxes in Fig. 5 : for each clique, the representative antigen reactivity varies from individual to individual thus representing the response profile of the clique. Similarly, a specific individual manifests a different representative reactivity for the different cliques, which might reflect his or her individual immune state organization. We emphasize that for each individual, a different set of polyclonal antibodies can bind to the same given antigen. Hence each individual can express an individualized repertoire of autoantibodies that can correspond to a specific clique. For the effect of the additional females data on the identified cliques, see section VII in SI Text and Figs. S9 and S10.
Development of the Immune Modular Organization from Birth to Adulthood
Searching for antigen cliques in cord IgM reactivities, we found that about half of the autoantibodies belong to one large subgroup. Using the IH presentation, we found that this subgroup does not manifest any noticeable organization (Fig. 6A) . This observation indicates that the universal congenital IgM immune network is not organized into antigen reactivity cliques as is the case for the mothers. Thus, the modular organization into autoantibody cliques found in the mothers had to have been formed during the development of the immune system after birth.
Calculating the IH manifold for the cords' IgG autoantibody correlation matrix (Fig. 6B) , we identified three intermingled subgroups that were closely located with cross correlations, as if the organization of IgG detected in the mothers' repertoires was not fully present in the cord IgG repertoires. These findings indicate that whereas the IgG autoantibodies are transferred from the mother to the fetus, the global IgG profile at birth is less developed than that of the mothers.
In Fig. 7 we present additional comparisons between the mature and congenital IgG autoantibody organization (for additional angles of view, see the movies of rotating manifolds, section VIII in SI Text and Movies S5 and S6). Whereas a weak modular organization is detected for the congenital IgG, there is no actual separation between the different clusters. We also see that the cords' immune organization reflects that of the mothers-the different antigen reactivities maintain their relative positions in PCA space. These findings support the idea that the formation of structural organization (reflected by the formation of autoantibody cliques) is associated with the normal evolution of the immune system. These findings also illustrate that the transfer of maternal autoantibodies to the fetus is not sufficient to transfer the maternal modular organization of the repertoire, implying that this organization evolves through immune learning.
Discussion
We compared maternal IgM and IgG autoantibody repertoires with those of their newborns using system level analysis of antibody reactivities measured by antigen microarrays. For the IgM autoantibodies, which are not transferred from mothers to fetus, we found that all of the newborns shared a universal immune profile, in agreement with the concept of the immunological homunculus-the immune system's internal image of key body molecules (2, 3) . The mothers' IgM and IgG autoantibody repertoires are highly diverse, implying that healthy development of the autoimmune state from birth to adulthood arises from immunological learning according to ones personal life experience. In other words, the immunological homunculus is not static but responds with personal immune experience. At present, we do not know if healthy maturation of the autoantibody repertoire is induced by immune experience with foreign antigens crossreactive with self, by autoimmune contact with sets of self antigens during normal body maintenance (2, 3), or by a combination of these processes. It would be important to learn whether particular types of autoimmune repertoire organization herald the later development of clinical autoimmune disease (9, 10) .
Analyzing the maternal IgM and IgG autoantibody correlations, we found that immune state diversity goes hand in hand with the development of modular organization reflected by the formation of antigen reactivity cliques or functional immune groups (FIGs). To test the statistical validity of the results, we compared the FIGs identified for the 10 mothers with those identified by analyzing the dataset including also the additional 5 females and found high robustness (see SI Text). Our findings of system-level modular organization of the autoantibody repertoire are reminiscent of the idiotypic network idea by Jerne (31-33); idiotypic networks too might be deciphered using defined antibody microarrays and the recently developed special system-level analysis method adopted here. We also note that the modular organization we found represents a system level feature of the immune system that was not predicted by the clonal selection theory (2) . However, larger datasets are needed to verify the existence of autoantibody cliques and the complete identification of the antigen reactivities of each clique.
Modular organization and antigen reactivity cliques were also identified for IgG autoantibodies. The IgG isotype is transported across the placenta from mother to fetus, yet, compared with the mothers, we found only a rudimentary modular organization in cord blood. Because the IgG autoantibody correlations for each mother-cord pair are high, the revealed differences call for closer inspection, which is presented in the SI Text.
The antibodies in a given clique, or FIG, are characterized by similar antigen reactivities for each mother, and the values of a clique's representative reactivity are different for the different mothers. These features can be used for identification of a personal autoimmune state of organizational motifs and hence might be used for various diagnostic purposes. For example, large variations between the reactivities of autoantibodies to the antigens that belong to the same clique or if one or more antigens have reactivities that substantially differ from the representative reactivity of the clique may indicate a disease (9, 10) or susceptibility for a disease (11, 12) . For a specific mother, each autoantibody clique has its own representative antigen reactivity that differs from the representative antigen reactivity of the other cliques for the same mother; in other words, each mother expresses her own profile of representative clique reactivities. This individual profile reflects a personal immune state organization and hence it might be used for comparison between the immune states of different persons (12, 46) .
In addition to the FIGs presented in this article, weaker cliques were also identified (see section IV in SI Text and Fig. S5 ). The existence of inner-layer structures and the ability to unmask the dominant motifs may become of special importance in the context of healthy versus pathologic structures. Whereas the leading motifs may not be changed in the case of an active (or past) disease, more sensitive changes might still be detected. Indeed, the approach presented here might be applied to study the immune system under different conditions and in various aspects of immunity: breastfeeding, childhood and growth, vaccinations, various disease states, autoimmune diseases, the influence of medical treatment (e.g., chemotherapy, Immunosuppressive drugs) and many more. In any case, the formation of immune modular organization expressed by autoantibody cliques reflects a functional system-level network organization of the immune system, an embodiment of the immunological homunculus.
To conclude, in this paper we introduce a powerful and efficient approach to the study of immune data. Whereas the available data are currently limited, the statistically significant results presented here will hopefully trigger additional experimental studies that will lead to a broader and deeper understanding of the immune system as a dynamically developing and complex network. Table S1 . Quantitative comparison between the mothers and cords datasets using the tensor of gyration metrics, for the visual representation given in Fig. 3 IgG is compared between the three maternal IgG cliques for the mothers (Fig. 4B) , the corresponding cord antigens in the cord PCA (Fig. 7A) , and the corresponding cord antigens projected on the maternal PCA (Fig. 7B ).
Running the FIG finding process reveals at first the genes marked in yellow. We note that these groups do not include either all operons nor the complete list of genes that compose the operons found. Searching for additional members of the groups was able to complete the operons found, marked in blue. Searching for weaker groups in the reduced matrix revealed two additional operons, marked in green. The bound antibodies are detected using fluorescence-labeled second antibodies that are attached to the tested ones and the reactions are monitored by laser activation. It is important to note that the method measures all of the antibodies that bind to all available epitopes on a spot. Thus, we named the antibody reactivity by the spot they bind to (the antigen name). However, we do not assume that there is only one antibody species on the spot; on the contrary, there are probably several different antibody molecules that bind to the spotted antigen. Furthermore, the spotted antigen certainly presents several epitopesvarious different conformations. The number of fluorescence-labeled second antibodies that are attached to the tested antibodies and bound to the antigen on that spot is measured by the intensity of fluorescent light emanating from that spot. Thus, to attain a more accurate measurement of the tested antibodies, the background signal around each antigen spot is subtracted. This process results sometimes in a negative reactivity value for a specific antigen. To facilitate the computations described below, we transformed the negative values to zeros.
Differences in treatment of two samples, especially in labeling and in hybridization, may bias the relative measures on the chips. Normalization is done to compensate for such possible systematic technical differences between chips and to better see the biological differences between samples. In gene microarray experiments, removal of systematic variations resulting from array preparation or sample hybridization conditions is crucial to ensure sensible results from the ensuing data analysis (3) .
Two normalization methods of the subjects were tested: standard and Quantile. In the first method the mean is subtracted and the values are divided by the standard deviation:
where the value X ij is the measured value of reactivity of antigen j for subject i, and the index n stands for the different antigens per subject. The Quantile normalization is routinely used in the treatment of both oligonucleotide and cDNA microarray data (3). Bolstad et al. (4) showed that the Quantile method has superior performance in terms of bias, variance, and computational efficiency. In this method, each data vector is given the same distribution by taking the mean quantile and substituting it as the value of the data item in the original dataset. It is done by sorting each column of the data matrix (when the columns are the vectors of interest), replacing each value by the mean of its row in the sorted matrix, and reordering to restore the original order. As stated in the article, the different normalization methods yield the same results in terms of the IH analysis.
II. Information Content of the Principal Components.
We use the dimension reduction PCA method to present the information in a reduced 3-dimensional space whose axes are the leading PCA vectors. Verification that indeed most of the information is contained in the three leading principal components is presented in Fig. S1 in which we plot the variance spectrum, i.e., the variance content of each PCA principal component. We note that this is also the case in the FH analysis of recorded brain activity and gene expression data (5, 6).
III. Tensor of Gyration. Following ref. 5 , we computed the tensor of gyration G n,m (7) to quantify the geometrical structure of the holographic networks in the PCA space,
where N is the number of nodes in the cluster and r is the node position in the 3-dimensional space (7) . Because the gyration tensor is a symmetrical matrix, it can be diagonalized in the following way:
where the diagonal elements, called the principal moments of the gyration tensor, are ordered such that 1 2 Յ 2 2 Յ 3 2 . The diagonal elements are called the principal moments of the gyration tensor. The radius of gyration is the sum of the principal moments:
where larger (smaller) values of R g 2 correspond to a more scattered (denser) cluster. To further quantify the shape of the clusters we computed the parameter using the principal moments of the gyration tensor: 2 ϭ
The shape parameter quantifies the relative shape anisotropy of the cluster, with ϭ 0 corresponding to tetrahedral shape symmetry or higher, ϭ 0.25 corresponding to a flat shape and ϭ 1 corresponding to a rod-like shape. To compare between two clusters we look at the ratio of the two parameters. In Table S1 , we present the computed values for the radius of gyration and the shape parameter for the IgG and IgM sotypes, for both mothers and cords. Whereas for the IgG both the mothers' and the cords' manifolds exhibit similar characteristics, for the IgM isotype the cords are significantly more scattered compared with the mothers.
To evaluate the inherited maternal IgG cliques, we compare the value of the radius of gyration for the three maternal IgG cliques (Fig. 4B) , the corresponding cord antigens in the cord PCA (Fig.  7A) , and the corresponding cord antigens projected on the maternal PCA (Fig. 7B) . The results are summarized in Table S2 . The larger values of the radius of gyration for the clusters of the cords in comparison for those for the mothers indicate weaker organization.
We note that larger radii correspond to weaker correlations and thus less developed functionality.
IV. Identification of the Antigen Cliques. The identification of the antigen cliques or functional immune groups (FIGs) involves the following four stages: (i) STD filtering, (ii) iterative application of the dendrogram algorithm, (iii) searching for additional members using the clique representative reactivity, and (iv) searching for weaker cliques by removal of the stronger ones. STD filtering. Antigens that belong to a specific subgroup should have significantly higher correlations with the other antigens that belong to the same subgroup compared with outsider ones, and hence their correlations with all antigens will have a high standard deviation. In Fig. S2 , we illustrate this idea by presenting the distribution of normalized antigen correlations and the distribution of their standard-deviation values. We continue by defining the threshold to be the median (in the presented example 0.18, Fig. 2B ) and then select all antigens below this threshold. This process led to selection of 200 antigens from the original 305 antigens. Iterative application of the dendrogram. The dendrogram clustering algorithm is one of the most widely used methods for sorting a correlation matrix according to the underlying subgroups. This algorithm is based on the correlation distances-the Euclidian distances between the rows in the matrix, when each row is viewed as a position vector in an N-1 dimensional space with N being the number of antigens. We applied the dendrogram clustering algorithm on the 200 antigens that were selected by the STD filtering to select smaller set of antigens that have Euclidian correlation distances bellow a certain threshold. This process is repeated three times with gradually decreasing the selection threshold as is illustrated in figure Fig. S3 .
Searching for additional members using the clique representative reactivity. To identify additional antigens that should be included in each of the identified cliques, we calculate for each preliminary clique a representative immune profile. The latter is the clique's representative reactivity for all of the mothers, averaged over the reactivities of all of the antigens that were first identified to belong to that clique (Fig. S4A) . Then we search in the list of antigens for ones that have high correlations with the representative profiles (Fig. S4B) . Once found, these antigens are added to the FIG (clique) . In Fig. S4 C-E, we show the holographic networks of the cliques after adding the additional antigens for decreasing threshold levels. Searching for weaker cliques by removal of the stronger ones. Once the set of strong cliques (FIGs that have strong correlations) are found, we repeat the entire FIGs finding process on the reduced matrix-the matrix of all antigens that were not selected at the first round (Fig. S5) .
V. Evaluation of the Clique Finding Process for Gene-Expression Data.
To asses the FIG finding method presented in SI2, we applied the process to a well annotated gene-expression dataset published by Hutter et al. (8) . This dataset includes the expression values of Ϸ1,500 annotated genes and another Ϸ2,000 genes that are not annotated, of B. subtilis in response to nonlethal levels of 37 antibiotics. To imitate the process of the FIG finding in the immune system (305 antigens), we selected 59 genes that belong to operons and were previously investigated (6) . To these functional groups of genes we added 297 randomly chosen genes, and applied the FIG finding process to the expression matrix of all 356 genes.
The process identified 44 genes that belonged to 5 strongly correlated groups or gene cliques (Fig. S6) . Four of these cliques consist of genes that originate from the 59 genes that belong to known operons (marked in yellow in Table S3 ). The additional clique (group 1), whose genes do not originate from operon genes, seems to be also composed of functionally related genes in the sense that they are mostly involved in spore coat protein (insoluble fraction and outer fraction). In fact, at least for the complex transcriptional pattern of the cotVWXYZ cluster, it was previously mentioned to be necessary to ensure that an optimal amount of each protein is made for the assembly of the spore coat (9) . It is also important to note that in group 4, in addition to the argC operon genes, the clique-finding process yields additional genes that belong to the histidinol gene family which are functionally related to this operon.
As can be seen from the yellow marking in Table S3 , not all of the genes of the operons were found. We therefore continue to search for the additional members of the gene cliques using the representative expression profile of each of the identified cliques. Once found, these genes are added to the group.
Using threshold of 0.77 for the correlation between the genes and the representative profile we expanded group 5 to include all 8 genes that are known to compose the comGA operon and group 3 to include the known purE operon genes. Value of 0.9 was used to complete group 2 for the ybcO operon and value of 0.8 to complete group 4 to argC operon (marked in blue in Table  S3 ) but with additional genes from the histidinol gene family as was mentioned earlier.
Three of the operons were not found at all in the preliminary group finding process, thus we apply the search for weaker cliques by removal of the stronger ones. Doing so, we identified additional 5 cliques with lower internal correlations. The results (Fig. S7) , show that indeed, groups 2 and 3 contain genes that belong to the missing operons xtmA and dltA, respectively.
VI. Closer Inspection of the Additional Eight Newborns at Days 1 and
7. We present here a closer inspection of the 8 full-term low weight newborns with samples taken at day 1 and than again at day 7. In Fig. S8 A and B, we show the immune holography of the additional newborns in days 1 (yellow) and 7 (cyan) for both IgG and IgM isotypes, respectively. We include only the additional 8 newborns to more accurately capture the differences between the immune states of each newborn at day 1 and day 7. The higher changes detected for the IgM isotype in comparison with the IgG isotype indicate that some buds of early immune development of the IgM state can be observed already during the first week. These results are consistent with the fact that the production times of the IgM antibodies are much faster than that of the IgG.
VII. The Effect of the Additional Five Females on the FIGs Selection.
We applied the FIGs selection process to the datasets of the mothers and the additional control females (15 adult subjects in total) and obtained three FIGs for each of the IgG and IgM datasets (Fig.  S9) . For both the IgM and IgG datasets we found that Ϸ70% of the found FIGs members appear also in the original FIGs as seen in Fig. S9 A and B, respectively.
Because our dataset is relatively small, we used the Holographic Projection method which was devised to asses the differences in the manifold topology of two datasets (see the manuscript). In Fig. S10 we show the projection of the FIGs of the extended dataset (asterisks) on the PCA space calculated for the dataset of the 10 mothers, for IgG (Fig. S10A) and IgM (Fig.  S10B) . We see that the FIGs manifold is preserved and the internal structure is very similar in both cases. In Fig. S10 C and D the maternal FIGs (asterisks) are presented on the extended (mothers plus females) PCA space. Also in this case, the results are highly conserved.
VIII. Dynamic View of the Holographic Presentation. For a better perspective of the geometry and topology of the holographic netwoks in the PCA spaces, see Movies S1-S6, which show a rotation of the manifolds shown in six different figures of the article. (Fig. S6) , we repeat the process on the reduced gene correlation matrix. (A) The normalized correlation matrix for the selected genes. Note that these new groups are less correlated than the previous groups ( Fig. 2 A) . In addition, the IgM holographic network includes additional samples of 5 females (green) and 8 newborns at day 1 (yellow).
Movie S4 (WMV)
Movie S4. (D) For Fig. 3D that shows IgG antibodies of the 10 pairs of mothers (red) and their cord samples (blue). Each mother-cord pair is linked with color coded line (blue low to red high) according to the values of the correlation between them (Fig. 2B) . In addition, the IgG holographic network includes additional samples of 8 newborns at day 1 (blue) and day 7 (cyan). For Fig. 3A that presents the comparison of the congenital and mature immune organization. This combined presentation means that the same antigens are presented according to both the maternal correlations (circles) and the cords correlations (asterisks) in the maternal PCA space. Nodes with correlations Ͼ0.85 are linked. The organization of the maternal antigen network is weakly detected in the cords' antigen network.
Movie S6 (WMV)
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